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1
WORD CLASSIFICATION BASED ON
PHONETIC FEATURES

CROSS-REFERENCE TO RELATED
APPLICATION

This application is a continuation application of, and
claims priority to, U.S. patent application Ser. No. 14/478,
033, titled “WORD CLASSIFICATION BASED ON PHO-
NETIC FEATURES,” filed on Sep. 5, 2014, which applica-
tion claims the benefit under 35 U.S.C. § 119(e) of U.S.
Provisional Application Ser. No. 62/042,671, filed on Aug.
27, 2014. The disclosure of each of the foregoing applica-
tions is incorporated herein by reference.

BACKGROUND

This specification relates to using features of a textual
term to classify the textual term.

SUMMARY

According to one innovative aspect of the subject matter
described in this specification, phonetic features of textual
terms such as pronunciation of the textual terms may be
generated. A model for processing textual terms may be
trained using the phonetic features. The model may be used
to generate a representation of the phonetic features. The
representation of the phonetic features of a textual term may
be used to classify the textual term. The representation of the
phonetic features of a textual term may be compared with a
representation of phonetic features of another textual term to
determine a relationship between the two textual terms. The
phonetic features may be used augment a word-based model
to provide a more comprehensive representation for textual
terms.

In general, one innovative aspect of the subject matter
described in this specification can be embodied in methods
that include the actions of obtaining a textual term; deter-
mining, by one or more computers, a vector representing a
phonetic feature of the textual term; comparing the vector
representing the phonetic feature of the textual term with a
reference vector representing a phonetic feature of a refer-
ence textual term; and classifying the textual term based on
the comparing the vector with the reference vector.

These and other implementations can each optionally
include one or more of the following features. Obtaining the
textual term may include obtaining the textual term from a
resource stored at a remote computer. Obtaining the textual
term may include obtaining the textual term from a search
query. Determining the vector representing the phonetic
feature of the textual term may include determining a
pronunciation of the textual term.

The textual term may include a plurality of characters.
Determining the vector representing the phonetic feature of
the textual term may include determining a first vector
representing a phonetic feature of a subset of the plurality of
characters of the textual term. Classifying the textual term
may include determining that the subset of the plurality of
characters of the textual term is similar to the reference
textual term based on the comparing the vector with the
reference vector; and in response to determining that the
subset of the plurality of characters of the textual term is
similar to the reference textual term, associating a definition
of the reference textual term to the subset of the plurality of
characters of the textual term.
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The actions may include determining a second vector
representing a phonetic feature of a second subset of the
plurality of characters of the textual term; comparing the
second vector with a second reference vector representing a
phonetic feature of a second reference textual term; deter-
mining that the second subset of the plurality of characters
is similar to the second reference textual term based on
comparing the second vector with the second reference
vector; and in response to determining that the second subset
of the plurality of characters is similar to the second refer-
ence textual term, associating a definition of the second
reference textual term to the second subset of the plurality of
characters of the textual term.

Comparing the vector with the reference vector may
include determining a cosine distance between the vector
and the reference vector.

Classifying the textual term may include determining that
the cosine distance is within a specific distance; and in
response to determining that the cosine distance is within the
specific distance, classifying the textual term as being simi-
lar to the reference textual term.

Classifying the textual term may include determining a
likelihood that the textual term is similar to the reference
textual term; and classifying the textual term based on the
likelihood at the textual term is similar to the reference
textual term.

Classifying the textual term may include determining that
the textual term is similar to the reference textual term; and
in response to determining that the textual term is similar to
the reference textual term, associating a definition of the
reference textual term to the textual term.

Obtaining the textual term may include obtaining one or
more textual terms that are surrounding the textual term.
Determining the vector representing the phonetic feature of
the textual term may include determining the vector using (i)
the phonetic feature of the textual term and (ii) the one or
more textual terms that are surrounding the textual term.

Advantageous implementations may include one or more
of'the following features. A system can use phonetic features
to classify certain types of textual terms that may not be
classified using textual features, such as cognate words,
invented words, lemmatization of words, word misspelling,
hashtags, or alternative spelling of words. A system can use
phonetic features to derive semantic relationships between
words that are similar in sounds and concept but not in
usage. A system can use phonetic features to augment a
word-based model to provide a more comprehensive repre-
sentation for any objects of interests including textual terms.

The details of one or more implementations are set forth
in the accompanying drawings and the description below.
Other potential features and advantages will become appar-
ent from the description, the drawings, and the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is a block diagram of an example system.

FIG. 2 is a block diagram of an example system that uses
phonetic features of a textual term to augment a word-based
model.

FIG. 3 is a block diagram of an example system for
training a model.

FIG. 4 is a flow chart illustrating an example process for
classifying a textual term using phonetic features.

Like reference numbers and designations in the various
drawings indicate like elements.

DETAILED DESCRIPTION

FIG. 1 is a block diagram of an example system 100. The
system 100 can be used to classity a textual term using the
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phonetic features of the textual term. A textual term is a
sequence of one or more letters. For example, a textual term
may include a word having a dictionary definition, a word
without a dictionary definition, a compounded word, a
concatenation of textual characters, textual metadata embed-
ded in a resource, or any textual representation of a textual
or non-textual resource. The system 100 compares a vector
representing the phonetic features (e.g., the pronunciation of
the textual term) of the textual term with one or more vectors
representing phonetic features of one or more other textual
terms to classify the textual term. Examples of classifying a
textual term include determining a definition of the textual
term, determining other textual terms that are related to the
textual term, determining a relationship between the textual
term and another textual term, or determining a relationship
between the textual term and a non-textual object,

The system 100 includes a resource 104, a computing
system 102, and a classified textual term store 116. In
general, the resource 104 may be any resource that is
associated with a textual term 106. The computing system
120 may be a remote server system that receives the textual
term 106 as input, and based on phonetic features of the
textual term 106, provides a classification of the textual term
106 as output. The functions performed by the computing
system 120 can be performed by individual computer sys-
tems or can be distributed across multiple computer systems.

The computing system 120 includes a phonetic engine
108, a trained model 118, and a classifier engine 112. The
phonetic engine 108 derives one or more phonetic features
110 of the textual term 106. The trained model 118 generates
a representation vector 120 that represents the phonetic
features of the textual term 106 in a vector space. The
classifier engine 112 classifies the textual term 106 based on
the representation vector 120. For example, the classifier
engine 112 may compare the representation vector 120 with
other representation vectors generated by the trained model
118 in the vector space, and the classifier engine 112 may
classify the textual term 106 based on the comparison. The
classifier engine 112 outputs a classified textual term 114
that represents a classification of the textual term 106. The
classified textual term 114 is stored in the classified textual
term store 116.

The resource 104, the computing system 102, and the
classified textual term store 116 may be communicatively
coupled using a wired network or wireless network or a
combination of both. The network can include, for example,
a wireless cellular network, a wireless local area network
(WLAN) or Wi-Fi network, a Third Generation (3G) or
Fourth Generation (4G) mobile telecommunications net-
work, a wired Ethernet network, a private network such as
an intranet, a public network such as the Internet, or any
appropriate combination of networks.

FIG. 1 also illustrates an example flow of data, shown in
stages (A) to (C). Stages (A) to (D) may occur in the
illustrated sequence, or they may occur in a suitable
sequence that is different than in the illustrated sequence.

During stage (A), the computing system 120 obtains the
textual term 106 in the resource 104. In some implementa-
tions, the resource 104 may be a textual resource that
includes the textual term 106. For example, the resource 104
may be a document in a corpus of documents, where the
textual term 106 is included as a word in the document. As
another example, the resource 104 may be the source code
for a webpage, where the textual term 106 is included in the
source code. In some implementations, the resource 104
may be a non-textual resource that is represented by the
textual term 106. For example, the resource 104 may be an
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image, and the textual term 106 may be a caption of the
image. As another example, the resource 104 may be a data
object, where the textual term 106 is metadata associated
with the data object. In some implementations, the resource
104 may be dynamically generated. For example, the
resource 104 may be a search query, where the textual term
106 is a search term in the search query. As another example,
the resource 104 may be a trending search term, as deter-
mined by another computing system.

During stage (B), the phonetic engine 108 determines the
phonetic features of the textual term 106, and generates
phonetic features 110. In some implementations, the pho-
netic features 110 include a predicted pronunciation of the
textual term. The pronunciation of the textual term can be
predicted using a number of suitable techniques. For
example, the phonetic engine 108 may use a pronunciation
dictionary to predict the pronunciation of the textual term
106. As another example, the phonetic engine 108 may use
a set of acoustic rules to predict the pronunciation of the
textual term 106. As another example, the phonetic engine
108 may input the textual term 106 to a trained acoustic
model to generate a predicted pronunciation of the textual
term 106. In some implementations, the phonetic features
110 include an acoustic signal representing the predicted
pronunciation of the textual term. For example, the phonetic
engine 108 may input the textual term 106 to a trained
text-to-speech model to generate the acoustic signal repre-
senting the predicted pronunciation of the textual term 106.

In some implementations, the phonetic engine 108 sepa-
rates the textual term 106 into multiple textual terms, and
determines the phonetic features of each respective textual
term. For example, for an invented textual term “Compu-
Vehicle,” the phonetic engine 108 may separate the textual
term into two textual terms “Compu” and “Vehicle,” and
determines the pronunciations of each of “Compu” and
“Vehicle.” In some implementations, the phonetic features
110 include the phonetic features of the textual term 106 and
the phonetic features of the separated textual terms. For
example, the phonetic features 110 of the textual term
“CompuVehicle” may include the pronunciations of “Com-
puVehicle,” “Compu,” “Vehicle,” “CompuVe,” “hicle,” and
O on.

During stage (C), the trained model 118 determines a
representation vector 120 based on the phonetic features
110. The representation vector 120 may be mapped to a
vector space that includes reference vectors representing
phonetic features of known textual terms. In some imple-
mentations, the trained model 118 is trained using these
known textual terms, and the reference vectors are generated
by the trained model 118.

In some implementations, the trained model 118 includes
an embedding function that receives the phonetic features
110 and, in accordance with a set of embedding function
parameters, applies a transformation to the phonetic features
110 that maps the phonetic features 110 into a continuous
high-dimensional numeric representation. For example, the
embedding function can apply a transformation to the pho-
netic features 110 to map the phonetic features 110 into a
floating point representation vector 120. In some implemen-
tations, the trained model 118 includes a neural network
model that receives the phonetic features 110 and processes
the phonetic features 110 through multiple hidden layers to
generate the representation vector 120.

In cases where the phonetic features 110 include the
phonetic features of the textual term 106 and the phonetic
features of the separated textual terms, the trained model 118
may determine a respective representation vector for each of



US 11,675,975 B2

5

the textual terms. For example, for the textual term “Com-
puVehicle” described above, the trained model 118 may
determine a respective representation vector for each of the
textual terms “CompuVehicle,” “Compu,” “Vehicle,” “Com-
puVe,” “hicle,” and so on.

During stage (D), the classifier engine 112 classifies the
textual term 106 using the representation vector 120, and
stores the classified textual term 114 in the classified textual
term store 116. The classifier 110 can be any multiclass or
multilabel classifier, e.g., a multiclass logistic regression
classifier, a multiclass support vector machine classifier, or
a Bayesian classifier.

The classifier engine 112 may compare the representation
vector 120 with one or more reference vectors in the vector
space. In some implementations, the classifier engine 112
determines a distance, e.g., a cosine distance, between the
representation vector 120 and one or more reference vectors
in the vector space, and classifies the textual term 106 based
on the cosine distance. If the cosine distance between the
representation vector 120 and a particular reference vector is
within a specific vector distance, the classifier engine 112
may classify that the textual term 106 is related to the textual
term associated with the particular reference vector.

For example, the classifier engine 112 may determine that
the cosine distance between the representation vector of
“CompuVehicle” is not within the specific vector distance
with any reference vectors in the vector space. However, the
classifier engine 112 may determine that the cosine distance
between the representation vector of the separated textual
term “Compu” is within the specific vector distance with the
reference vector of a known textual term “Computer,” and
the classifier engine 112 may classify that the separated
textual term “Compu” is related to the known textual term
“Computer.” As another example, the classifier engine 112
may determine that the representation vector of the sepa-
rated textual term “Vehicle” is numerically equal to the
reference vector of a known textual term “Vehicle,” and the
classifier engine 112 may classify that the separated textual
term “Vehicle” is equivalent of the known textual term
“Vehicle.”

As another example, a resource 104 may include a textual
term 106 “Vehecle” that is an unintended spelling error of a
known textual term “Vehicle.” The classifier engine 112 may
determine that the representation vector of the textual term
106 “Vehecle” is within the specific vector distance to the
reference vector of the known textual term “Vehicle,” and
the classifier engine 112 may classify that the textual term
106 “Vehecle” is related to the known textual term “Vehicle”
because their phonetic features (e.g., pronunciations) are
similar. Consequently, even textual terms with spelling
errors can still be useful for subsequent analysis.

In some implementations, the classified textual term 114
is a data structure indicating the classification of the textual
term 106. For example, the classified textual term 114 for the
textual term “CompuVehicle” may be an ordered list
{“CompuVehicle”, “Computer”, “Vehicle”}, indicating that
the classifier engine 112 has determined that the known
textual terms “Computer” and “Vehicle” are related to the
textual term “CompuVehicle.”

In some implementations, the classified textual term 114
is represented by a word score vector, where each field of the
word score vector corresponds to a respective known textual
term in a set of known textual terms. For example, each field
of the word score vector may include a score indicating a
probability that the definition of the textual term 106 cor-
responds to the definition of the respective known textual
term. The classifier engine 112 may determine that the
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textual term 106 is similar to a particular known textual term
if the particular known textual term has the highest score in
the word score vector.

The classified textual term 114 stored in the classified
textual term store may be used to provide a definition for the
textual term 106. The classified textual term 114 stored in the
classified textual term store may be used to provide a
relationship between the textual term 106 and other known
textual terms. The classified textual term 114 stored in the
classified textual term store may be used to provide a
relationship between the textual term 106 and other known
textual terms. The classified textual term 114 stored in the
classified textual term store may be used to train an updated
model for generating representation vectors. The classified
textual term 114 stored in the classified textual term store
may be used as input to another computing system.

FIG. 2 is a block diagram of the example system 200 that
can use phonetic features of a textual term to augment a
word-based model. In general, a word-based model uses
textual terms that surround a particular textual term to
classify the particular textual term. In some implementa-
tions, a word-based model discards textual terms that the
computing system cannot classify, and valuable information
may be lost as the results. For example, a textual term that
has been invented by an author may not be captured by a
word-based model because the surrounding textual terms
may not provide sufficient information for the classification
of the invented textual term. Phonetic features may be used
to provide a complementary signal to a word-based model,
resulting in a more comprehensive vector space for classi-
fying textual terms. The example system 200 includes a
resource 104, a computing system 202, and a classified
textual term store 116. The computing system 202 includes
a phonetic engine 108, a trained model 218, and a classifier
engine 212.

The resource 104 includes the textual term 106 and
surrounding textual terms 204. For example, if the textual
term 106 is at position t in a sequence of textual terms, the
surrounding textual terms 204 are known words at position
=N, ..., t=1, t+1, . . ., t+N, respectively, where N is a
predetermined integer value.

The trained model 218 uses one or both of the phonetic
features 110 or the surrounding textual terms 204 to deter-
mine a representation vector 220 of the textual term 106. In
some implementations, the trained model 218 includes a
word-based embedding function that receives a sequence of
textual terms and, in accordance with a set of embedding
function parameters, applies a transformation to the textual
terms that maps the textual terms into a continuous high-
dimensional word-based vector space. For example, the
word-based embedding function may be a combining
embedding function. A combining embedding function maps
each textual term in the sequence of textual terms to a
respective continuous high-dimensional word-based vector
space, for example, to a respective high-dimensional vector
of floating point numbers, based on current parameter values
of the embedding function, e.g., as stored in a lookup table,
and then merges the respective floating point vectors into a
single merged vector. The merged floating point represen-
tation vector can be used by the classifier engine 212 to
classify the textual term 106.

In some implementations, the trained model 218 uses the
phonetic features 110 to modify the floating point represen-
tation vector to determine the representation vector 220. For
example, the trained model 218 may add one or more
dimensions in the word-based vector space to represent the
phonetic features of textual terms. The trained model 218
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may map the phonetic features 110 to the additional dimen-
sions, and the values in the additional dimensions may be
used by the classifier engine 212 to classify the textual term
106.

The classifier engine 212 uses the representation vector
220 to determine a classified textual term 214. The classifier
212 receives the representation vector 220 generated by the
trained model 218 and classifies the textual term 106 similar
to the classifier 112. In some implementations, if the clas-
sifier engine 212 determines that the values in the word-
based vector space cannot be used to classify the textual
term 106, the classifier engine 212 uses the values in the
additional dimensions corresponding to the phonetic fea-
tures 110 to classify the textual term 106. In some imple-
mentations, after the classifier engine 212 classifies the
textual term 106 using values in the word-based vector
space, the classifier engine 212 classifies the textual term
106 using values in the additional dimensions corresponding
to the phonetic features 110, and compares the two classi-
fications. The classifier engine 212 may select one or both
classifications to be included in the classified textual term
214.

FIG. 3 is a block diagram of an example system 300 that
can train a model. In general, a model such as the trained
model 118 or the trained model 218 may be trained in any
number of ways. The example system 300 illustrates parallel
training of a model, where the trained model can be used in
systems such as the example systems 100 and 200.

The model receives input and generates an output based
on the received input and on values of the parameters of the
model. For example, a model may receive data identifying
phonetic features of textual terms and, based on the phonetic
features of the textual terms and on the parameters of the
model, may generate a vector that represents a textual term.
The model may be composed of a single level of linear or
non-linear operations or may be composed of multiple levels
of linear or non-linear operations. An example of a model is
a neural network with one or more hidden layers.

The model can be trained using training data, i.e., the
training data in training data database 312. The training data
in the training data database 312 are inputs for which the
desired output, i.e., the output that should be generated by
the model, is known. In order to train the model, i.e., find
optimal values of the model parameters, an objective func-
tion is developed that is a measure of the performance of the
model on the set of training data as a function of the model
parameters. The optimal values of the parameters of the
model can then be found by finding a minimum of the
objective function. In particular, multiple iterations of a
stochastic gradient descent procedure can then be performed
to find the optimal values of the parameters.

The example system 300 includes multiple model replicas
302a-n. Each of the model replicas 302a-» is an identical
instance of a model and can be implemented as one or more
computer programs and data deployed to be executed on a
computing unit. Advantageously, the computing units are
configured so that they can operate independently of each
other. In some implementations, only partial independence
of operation is achieved, for example, because replica
instances share some resources.

A computing unit may be, e.g., a computer, a core within
a computer having multiple cores, or other hardware or
software within a computer capable of independently per-
forming the computation for the model replica. Each model
replica 302a-n operates independently from each of the
other model replicas 302a-z and is configured to commu-
nicate with the training data database 312 and a parameter
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server 306 through a network, e.g., a local area network
(LAN) or wide area network (WAN), e.g., the Internet, in
order to compute delta values for the parameters of the
model. A delta value for a parameter is a value that the
replica has determined is to be applied to the current value
of the parameter so that it approaches its optimal value.

The parameter server 306 maintains the current values of
the parameters of the model and updates the values as the
results of training are uploaded by the replicas. The func-
tionality of the parameter server 306 may be partitioned
among multiple parameter server shards 310a-k. That is,
each of the parameter server shards 310a-% maintains values
of a respective subset of the parameters of the model, such
that the parameters of the model are partitioned among the
parameter server shards 310q-k. Each parameter server
shard 310a-k is implemented on a respective independent
computing unit. Advantageously, the computing units are
configured so that they can operate independently of each
other. In some implementations, only partial independence
of operation is achieved, for example, because replica
instances share some resources.

Each of the parameter server shards 310a-k£ provides
values of parameters to the model replicas 302a-z, receives
delta values of the parameters from the model replicas
302a-n, and updates stored values of the parameters based
on the received delta values independently from each other
parameter server shard.

FIG. 4 is a flow diagram that illustrates an example
process 400 for classifying a textual term using phonetic
features. The process 400 may be performed by data pro-
cessing apparatus, such as the example system 100
described above, the example system 200 described above,
or another data processing apparatus.

The system obtains a textual term (402). For example, the
computing system 120 may access a textual term 106 in a
resource 104. In some implementations, the system obtains
the textual term from a resource stored at a remote computer.
In some other implementations, the system obtains the
textual term from a search query.

The system determines a vector representing a phonetic
feature of the textual term (404). For example, the phonetic
engine 108 may determine the phonetic features of the
textual term 106, and generates phonetic features 110. The
trained model 118 may determine a representation vector
120 based on the phonetic features 110.

In some implementations, the system determines the
vector representing the phonetic feature of the textual term
by determining a pronunciation of the textual term. For
example, the phonetic engine 108 may use a pronunciation
dictionary to predict the pronunciation of the textual term
106. As another example, the phonetic engine 108 may use
a set of acoustic rules to predict the pronunciation of the
textual term 106. As another example, the phonetic engine
108 may input the textual term 106 to a trained acoustic
model to generate a predicted pronunciation of the textual
term 106.

The system compares the vector representing the phonetic
feature of the textual term with a reference vector repre-
senting a phonetic feature of a reference textual term (406).
For example, the classifier engine 112 may compare the
representation vector 120 with one or more reference vectors
in the vector space.

The system classifies the textual term based on the
comparing the vector with the reference vector (408). In
some implementations, the system compares the vector with
the reference vector by determining a cosine distance
between the vector and the reference vector.
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In some implementations, the system classifies the textual
term by determining that the cosine distance is within a
specific distance. In response to determining that the cosine
distance is within the specific distance, the system classifies
the textual term as being similar to the reference textual
term. For example, a resource 104 may include a textual
term 106 “Vehecle” that is an unintended spelling error of a
known textual term “Vehicle.” The classifier engine 112 may
determine that the representation vector of the textual term
106 “Vehecle” is within the specific vector distance to the
reference vector of the known textual term “Vehicle,” and
the classifier engine 112 may classify that the textual term
106 “Vehecle” is related to the known textual term “Vehicle”
because their phonetic features (e.g., pronunciations) are
similar.

In some implementations, the system classifies the textual
term by determining a likelihood that the textual term is
similar to the reference textual term. The system classifies
the textual term based on the likelihood at the textual term
is similar to the reference textual term. For example, the
classified textual term 114 may be a word score vector,
where each field of the word score vector corresponds to a
respective known textual term in a set of known textual
terms. Each field of the word score vector may include a
score indicating a probability that the definition of the
textual term 106 corresponds to the definition of the respec-
tive known textual term. The classifier engine 112 may
determine that the textual term 106 is similar to a particular
known textual term if the particular known textual term has
the highest score in the word score vector.

In some implementations, the system classifies the textual
term by determining that the textual term is similar to the
reference textual term. In response to determining that the
textual term is similar to the reference textual term, associ-
ating a definition of the reference textual term to the textual
term.

The textual term can include multiple characters. The
system determines the vector representing the phonetic
feature of the textual term by determining a first vector
representing a phonetic feature of a subset of the characters
of the textual term. For example, for the textual term
“CompuVehicle”, the trained model 118 may determine a
respective representation vector for a textual term “Compu.”
The system classifies the textual term by determining that
the subset of the characters of the textual term is similar to
the reference textual term based on the comparing the vector
with the reference vector. In response to determining that the
subset of the characters of the textual term is similar to the
reference textual term, the system associates a definition of
the reference textual term to the subset of the characters of
the textual term. For example, the classifier engine 112 may
determine that the cosine distance between the representa-
tion vector of the separated textual term “Compu” is within
the specific vector distance with the reference vector of a
known textual term “Computer,” and the classifier engine
112 may classify that the separated textual term “Compu” is
related to the known textual term “Computer.”

The system determines a second vector representing a
phonetic feature of a second subset of the characters of the
textual term. For example, for the textual term “CompuVe-
hicle”, the trained model 118 may determine a respective
representation vector for a textual term “Vehicle.” The
system compares the second vector with a second reference
vector representing a phonetic feature of a second reference
textual term. The system determines that the second subset
of the characters is similar to the second reference textual
term based on comparing the second vector with the second
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reference vector. In response to determining that the second
subset of the characters is similar to the second reference
textual term, the system associates a definition of the second
reference textual term to the second subset of the characters
of the textual term. For example, the classifier engine 112
may determine that the representation vector of the sepa-
rated textual term “Vehicle” is numerically equal to the
reference vector of a known textual term “Vehicle,” and the
classifier engine 112 may classify that the separated textual
term “Vehicle” is equivalent of the known textual term
“Vehicle.”

In some implementations, the system obtains one or more
textual terms that are surrounding the textual term. For
example, the trained model 218 obtains surrounding textual
terms 204. The surrounding textual terms 204 may be all
terms within a specific number of terms adjacent to the
textual term 106. The surrounding textual terms 204 may be
all terms within a specific number of terms adjacent to the
textual term 106, excluding specific terms (e.g., “a”, “an”,
“the”, etc.). The system determines the vector representing
the phonetic feature of the textual term by determining the
vector using (i) the phonetic feature of the textual term and
(i1) the one or more textual terms that are surrounding the
textual term. For example, the trained model 218 may add
one or more dimensions in the word-based vector space to
represent the phonetic features of textual terms. The trained
model 218 may map the phonetic features 110 to the
additional dimensions, and the values in the additional
dimensions may be used by the classifier engine 212 to
classify the textual term 106.

A number of implementations have been described. Nev-
ertheless, it will be understood that various modifications
may be made without departing from the spirit and scope of
the disclosure. For example, various forms of the flows
shown above may be used, with steps re-ordered, added, or
removed.

Embodiments and all of the functional operations
described in this specification may be implemented in digital
electronic circuitry, or in computer software, firmware, or
hardware, including the structures disclosed in this specifi-
cation and their structural equivalents, or in combinations of
one or more of them. Embodiments may be implemented as
one or more computer program products, i.e., one or more
modules of computer program instructions encoded on a
computer-readable medium for execution by, or to control
the operation of, data processing apparatus. The computer
readable-medium may be a machine-readable storage
device, a machine-readable storage substrate, a memory
device, a composition of matter affecting a machine-read-
able propagated signal, or a combination of one or more of
them. The computer-readable medium may be a non-tran-
sitory computer-readable medium. The term “data process-
ing apparatus” encompasses all apparatus, devices, and
machines for processing data, including by way of example
a programmable processor, a computer, or multiple proces-
sors or computers. The apparatus may include, in addition to
hardware, code that creates an execution environment for the
computer program in question, e.g., code that constitutes
processor firmware, a protocol stack, a database manage-
ment system, an operating system, or a combination of one
or more of them. A propagated signal is an artificially
generated signal, e.g., a machine-generated electrical, opti-
cal, or electromagnetic signal that is generated to encode
information for transmission to suitable receiver apparatus.

A computer program (also known as a program, software,
software application, script, or code) may be written in any
form of programming language, including compiled or
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interpreted languages, and it may be deployed in any form,
including as a standalone program or as a module, compo-
nent, subroutine, or other unit suitable for use in a computing
environment. A computer program does not necessarily
correspond to a file in a file system. A program may be stored
in a portion of a file that holds other programs or data (e.g.,
one or more scripts stored in a markup language document),
in a single file dedicated to the program in question, or in
multiple coordinated files (e.g., files that store one or more
modules, sub programs, or portions of code). A computer
program may be deployed to be executed on one computer
or on multiple computers that are located at one site or
distributed across multiple sites and interconnected by a
communication network.

The processes and logic flows described in this specifi-
cation may be performed by one or more programmable
processors executing one or more computer programs to
perform functions by operating on input data and generating
output. The processes and logic flows may also be per-
formed by, and apparatus may also be implemented as,
special purpose logic circuitry, e.g., an FPGA (field pro-
grammable gate array) or an ASIC (application specific
integrated circuit).

Processors suitable for the execution of a computer pro-
gram include, by way of example, both general and special
purpose microprocessors, and any one or more processors of
any kind of digital computer. Generally, a processor will
receive instructions and data from a read only memory or a
random access memory or both. The essential elements of a
computer are a processor for performing instructions and
one or more memory devices for storing instructions and
data. Generally, a computer will also include, or be opera-
tively coupled to receive data from or transfer data to, or
both, one or more mass storage devices for storing data, e.g.,
magnetic, magneto optical disks, or optical disks. However,
a computer need not have such devices. Moreover, a com-
puter may be embedded in another device, e.g., a tablet
computer, a mobile telephone, a personal digital assistant
(PDA), a mobile audio player, a Global Positioning System
(GPS) receiver, to name just a few. Computer readable
media suitable for storing computer program instructions
and data include all forms of non-volatile memory, media
and memory devices, including by way of example semi-
conductor memory devices, e.g., EPROM, EEPROM, and
flash memory devices; magnetic disks, e.g., internal hard
disks or removable disks; magneto optical disks; and CD-
ROM and DVD-ROM disks. The processor and the memory
may be supplemented by, or incorporated in, special purpose
logic circuitry.

To provide for interaction with a user, embodiments may
be implemented on a computer having a display device, e.g.,
a CRT (cathode ray tube) or LCD (liquid crystal display)
monitor, for displaying information to the user and a key-
board and a pointing device, e.g., a mouse or a trackball, by
which the user may provide input to the computer. Other
kinds of devices may be used to provide for interaction with
a user as well; for example, feedback provided to the user
may be any form of sensory feedback, e.g., visual feedback,
auditory feedback, or tactile feedback; and input from the
user may be received in any form, including acoustic,
speech, or tactile input.

Embodiments may be implemented in a computing sys-
tem that includes a back end component, e.g., as a data
server, or that includes a middleware component, e.g., an
application server, or that includes a front end component,
e.g., a client computer having a graphical user interface or
a Web browser through which a user may interact with an
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implementation of the techniques disclosed, or any combi-
nation of one or more such back end, middleware, or front
end components. The components of the system may be
interconnected by any form or medium of digital data
communication, e.g., a communication network. Examples
of communication networks include a local area network
(“LAN”) and a wide area network (“WAN”), e.g., the
Internet.

The computing system may include clients and servers. A
client and server are generally remote from each other and
typically interact through a communication network. The
relationship of client and server arises by virtue of computer
programs running on the respective computers and having a
client-server relationship to each other.

An “engine” (or “software engine”) refers to a software
implemented input/output system that provides an output
that is different from the input. An engine can be an encoded
block of functionality, such as a library, a platform, a
Software Development Kit (“SDK”), or an object.

While this specification contains many specifics, these
should not be construed as limitations, but rather as descrip-
tions of features specific to particular embodiments. Certain
features that are described in this specification in the context
of separate embodiments may also be implemented in com-
bination in a single embodiment. Conversely, various fea-
tures that are described in the context of a single embodi-
ment may also be implemented in multiple embodiments
separately or in any suitable subcombination. Moreover,
although features may be described above as acting in
certain combinations and even initially claimed as such, one
or more features from a claimed combination may in some
cases be excised from the combination, and the claimed
combination may be directed to a subcombination or varia-
tion of a subcombination.

Similarly, while operations are depicted in the drawings in
a particular order, this should not be understood as requiring
that such operations be performed in the particular order
shown or in sequential order, or that all illustrated operations
be performed, to achieve desirable results. In certain cir-
cumstances, multitasking and parallel processing may be
advantageous. Moreover, the separation of various system
components in the embodiments described above should not
be understood as requiring such separation in all embodi-
ments, and it should be understood that the described
program components and systems may generally be inte-
grated together in a single software product or packaged into
multiple software products.

Thus, particular embodiments have been described. Other
embodiments are within the scope of the following claims.
For example, the actions recited in the claims may be
performed in a different order and still achieve desirable
results.

What is claimed is:

1. A computer-implemented method, comprising:

obtaining an unknown textual term and other terms sur-
rounding the unknown textual term with N word posi-
tions of the unknown textual term, wherein the
unknown textual term is a textual term that has an
unknown dictionary definition, and N is a predeter-
mined integer value;

determining, by one or more computers, an unknown term
vector representing (i) one or more phonetic features of
the unknown textual term and (ii) the other terms
surrounding the unknown textual term, including deter-
mining the unknown term vector using (i) the one or
more phonetic features of the unknown textual term
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and (ii) the one or more other textual terms that are
surrounding the unknown textual term;

classifying the unknown textual term based on (i) a

word-based model that uses the representation of the
one or more other textual terms that are surrounding the
unknown textual term to classify the unknown textual
term; and (ii) a classifier that compares the represen-
tation of the one or more phonetic features of the
unknown textual term to each of a plurality of reference
vectors in a vector space, wherein each reference vector
represents a reference textual term having a known
definition;

wherein classifying the unknown textual term comprises:

determining a level of similarity between the unknown
textual term vector and each of the plurality of
reference vectors; and

generating a classified textual term that includes a word
score vector comprised of a plurality of fields that
each correspond to a respective reference textual
term having a known dictionary definition, wherein
generating the classified textual term further includes
determining a score for each respective field of the
word score vector that is (i) based on the similarity
determination of the unknown textual vector and the
reference vector that represents the respective refer-
ence textual term that is associated with the respec-
tive field, and (ii) indicative of the probability that
the definition of the unknown textual term corre-
sponds to the definition of the respective reference
textual term that is associated with the respective
field; and

providing the classified textual term as an input to a
word model, wherein the word model is configured
to process the classified textual term and generate
one or more representation vectors, based on the
classified textual term.

2. The method of claim 1, wherein classifying the
unknown textual term based on (i) a word-based model that
representation of the one or more other textual terms that are
surrounding the unknown textual term; and (ii) a classifier
that compares the representation of the one or more phonetic
features of the unknown textual term to each of a plurality
of reference vectors in a vector space comprises:

using the classifier to compare the representation of the

one or more phonetic features of the unknown textual
term to each of a plurality of reference vectors in a
vector space only in response to determining that the
word-based model cannot classify the unknown textual
term.

3. The method of claim 1, wherein classifying the
unknown textual term based on (i) a word-based model that
representation of the one or more other textual terms that are
surrounding the unknown textual term; and (ii) a classifier
that compares the representation of the one or more phonetic
features of the unknown textual term to each of a plurality
of reference vectors in a vector space further comprises:

using the classifier to compare the representation of the

one or more phonetic features of the unknown textual
term to each of a plurality of reference vectors in a
vector space only in response to determining that the
word-based model cannot classify the unknown textual
term.

4. The method of claim 1, wherein obtaining the unknown
textual term comprises obtaining the unknown textual term
from a resource stored at a remote computer.
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5. The method of claim 1, wherein obtaining the unknown
textual term comprises obtaining the unknown textual term
from a search query.

6. The method of claim 1, wherein determining the
unknown term vector representing the phonetic feature of
the unknown textual term comprises determining a pronun-
ciation of the unknown textual term.

7. A non-transitory computer-readable medium storing
software having stored thereon instructions, which, when
executed by one or more computers, cause the one or more
computers to perform operations of:

obtaining an unknown textual term and other terms sur-

rounding the unknown textual term with N word posi-
tions of the unknown textual term, wherein the
unknown textual term is a textual term that has an
unknown dictionary definition, and N is a predeter-
mined integer value;

determining, by one or more computers, an unknown term

vector representing (i) one or more phonetic features of
the unknown textual term and (ii) the other terms
surrounding the unknown textual term, including deter-
mining the unknown term vector using (i) the one or
more phonetic features of the unknown textual term
and (ii) the one or more other textual terms that are
surrounding the unknown textual term;

classifying the unknown textual term based on (i) a

word-based model that uses the representation of the
one or more other textual terms that are surrounding the
unknown textual term to classify the unknown textual
term; and (ii) a classifier that compares the represen-
tation of the one or more phonetic features of the
unknown textual term to each of a plurality of reference
vectors in a vector space, wherein each reference vector
represents a reference textual term having a known
definition;

wherein classifying the unknown textual term comprises:

determining a level of similarity between the unknown
textual term vector and each of the plurality of
reference vectors; and

generating a classified textual term that includes a word
score vector comprised of a plurality of fields that
each correspond to a respective reference textual
term having a known dictionary definition, wherein
generating the classified textual term further includes
determining a score for each respective field of the
word score vector that is (i) based on the similarity
determination of the unknown textual vector and the
reference vector that represents the respective refer-
ence textual term that is associated with the respec-
tive field, and (ii) indicative of the probability that
the definition of the unknown textual term corre-
sponds to the definition of the respective reference
textual term that is associated with the respective
field; and

providing the classified textual term as an input to a
word model, wherein the word model is configured
to process the classified textual term and generate
one or more representation vectors, based on the
classified textual term.

8. The non-transitory computer-readable medium of claim
7, wherein classifying the unknown textual term based on (i)
a word-based model that representation of the one or more
other textual terms that are surrounding the unknown textual
term; and (ii) a classifier that compares the representation of
the one or more phonetic features of the unknown textual
term to each of a plurality of reference vectors in a vector
space comprises:
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using the classifier to compare the representation of the
one or more phonetic features of the unknown textual
term to each of a plurality of reference vectors in a
vector space only in response to determining that the
word-based model cannot classify the unknown textual
term.
9. The non-transitory computer-readable medium claim 7,
wherein classifying the unknown textual term based on (i) a
word-based model that representation of the one or more
other textual terms that are surrounding the unknown textual
term; and (ii) a classifier that compares the representation of
the one or more phonetic features of the unknown textual
term to each of a plurality of reference vectors in a vector
space further comprises:
using the classifier to compare the representation of the
one or more phonetic features of the unknown textual
term to each of a plurality of reference vectors in a
vector space only in response to determining that the
word-based model cannot classify the unknown textual
term.
10. The non-transitory computer-readable medium of
claim 7, wherein obtaining the unknown textual term com-
prises obtaining the unknown textual term from a resource
stored at a remote computer.
11. The non-transitory computer-readable medium of
claim 7, wherein obtaining the unknown textual term com-
prises obtaining the unknown textual term from a search
query.
12. The non-transitory computer-readable medium of
claim 7, wherein determining the unknown term vector
representing the phonetic feature of the unknown textual
term comprises determining a pronunciation of the unknown
textual term.
13. A system comprising:
one or more processors and one or more computer storage
media storing instructions that are operable, when
executed by the one or more processors, to cause the
one or more processors to perform operations compris-
ing:

computers to perform operations of:

obtaining an unknown textual term and other terms sur-
rounding the unknown textual term with N word posi-
tions of the unknown textual term, wherein the
unknown textual term is a textual term that has an
unknown dictionary definition, and N is a predeter-
mined integer value;
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determining, by one or more computers, an unknown term

vector representing (i) one or more phonetic features of
the unknown textual term and (ii) the other terms
surrounding the unknown textual term, including deter-
mining the unknown term vector using (i) the one or
more phonetic features of the unknown textual term
and (ii) the one or more other textual terms that are
surrounding the unknown textual term; and

classifying the unknown textual term based on (i) a

word-based model that uses the representation of the
one or more other textual terms that are surrounding the
unknown textual term to classify the unknown textual
term; and (ii) a classifier that compares the represen-
tation of the one or more phonetic features of the
unknown textual term to each of a plurality of reference
vectors in a vector space, wherein each reference vector
represents a reference textual term having a known
definition;

wherein classifying the unknown textual term comprises:

determining a level of similarity between the unknown
textual term vector and each of the plurality of
reference vectors; and

generating a classified textual term that includes a word
score vector comprised of a plurality of fields that
each correspond to a respective reference textual
term having a known dictionary definition, wherein
generating the classified textual term further includes
determining a score for each respective field of the
word score vector that is (i) based on the similarity
determination of the unknown textual vector and the
reference vector that represents the respective refer-
ence textual term that is associated with the respec-
tive field, and (ii) indicative of the probability that
the definition of the unknown textual term corre-
sponds to the definition of the respective reference
textual term that is associated with the respective
field; and

providing the classified textual term as an input to a
word model, wherein the word model is configured
to process the classified textual term and generate
one or more representation vectors, based on the
classified textual term.
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